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Abstract- Achieving optimal performance from industrial asynchronous motors requires precise control of both torque and
magnetic flux. The conventional six-sector direct torque control (6-DTC) method is widely used for this purpose, but it suffers
from several drawbacks, including significant torque and flux ripple and excessive switching activity in the power converter,
which leads to energy losses. This research addresses these issues by introducing an enhanced control method that integrates
neural networks (NNs) with a refined twelve-sector direct torque control (12-DTC) scheme. Unlike traditional approaches that
depend on hysteresis comparators and fixed lookup tables, the proposed NN-based controller intelligently determines voltage
vectors in real time, enabling smoother and more adaptive motor operation. Simulation studies verified the method’s
effectiveness, showing substantial reductions in torque ripple, improved control tracking, and lower total harmonic distortion
(THD). Experimental validation on a dSPACE DS1104 hardware platform confirmed these improvements in practice. The 12-
sector NN-DTC achieved THD reductions of 30.87%, 42.22%, and 49.73% across different test conditions, along with 47%
faster dynamic speed response. Overall, the proposed neural network—based 12-sector DTC represents a significant advancement
over the traditional 6-DTC. It delivers smoother performance, more rapid response, higher efficiency, and robust real-world
applicability—offering a more precise and energy-efficient solution for controlling industrial asynchronous machines.

Keywords: Neural networks, asynchronous machine, direct torque control, 12-sector DTC, torque ripple, THD reduction.

1. Introduction proposed various approaches for controlling these types of
EMs, such as the conventional direct torque control (DTC) and

Advancements in highly efficient technologies have  field-oriented control (FOC) [1, 2].
expanded the range of applications for electrical machines
(EMs) within industrial settings, including the asynchronous
machine (AM). Numerous researchers in the literature have

The DTC approach involves directly selecting the
inverter’s switching states through a predefined switching

Cite this article as: A. Milles, H. Benbouhenni, A. Yahdou, and N. Bizon, “Neural Networks-Based 12-Sector Direct Torque Control of
Asynchronous Machine Drives: Experimental Results,” Artificial Intelligence Research and Applications (Alra), Vol. 2, No. 1, pp. 1-31,
March, 2026, https://doi.org/10.20508/qyxvy507.
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table (ST), offering advantages like a simple structure and
rapid response when compared to the FOC strategy. However,
the basic DTC technique relies on hysteresis comparators
(HCs) that operate with variable switching frequencies (SFs),
leading to significant torque and flux ripples that can
negatively impact the performance of the AM [3-5].

To address the limitations of the conventional DTC
technique, many researchers have suggested enhancements
that maintain a constant SF and minimize torque and flux
ripples. One of the designed solutions is the application of
space vector modulation (SVM) to the DTC strategy, which
effectively manages the SF and minimizes flux, torque, and
current fluctuations.

The SVM-DTC approach replaces HCs with proportional-
integral (PI) regulators to produce the reference voltage
components [6]. Although this algorithm significantly
improves performance, it requires precise information about
the system’s parameters [7].

In [8], sliding mode controllers (SMCs) were introduced
as a substitute for linear PI regulators to achieve a more robust
and nonlinear control. This approach offers strong dynamic
performance and high resilience to external disturbances.
However, a major disadvantage of this technique is the
phenomenon known as “chattering,” which restricts the
motor’s operational range. Table 1 presents various studies
that address the drawbacks of applying the DTC technique to
the rotor speed control of an AM.

In the literature, various studies have utilized AMs in
renewable energy (RE) systems. Reference [16] describes the
design of a wind turbine (WT) emulator using a squirrel-cage
AM and a separately excited direct current machine to emulate
WT behavior in a laboratory environment. The system
incorporates user-friendly software for selecting wind data
and WT models, alongside hardware for real-time control and
monitoring. Key components include a Pl-controlled AM, a
non-isolated step-up converter supporting maximum power
point tracking (MPPT), and a load simulator for evaluating
efficiency under variable conditions. The emulator facilitates
the testing of small-scale wind systems while providing
comprehensive electrical and mechanical data monitoring.
However, the study focuses primarily on design and
simulation, with limited exploration of advanced control
strategies or thorough experimental validation under diverse
environmental conditions, which may restrict its broader
applicability.

In the work of Ghizlane et al. [17], a photovoltaic-
powered water pumping system was designed, utilizing a
three-phase  AM controlled through a sinusoidal PWM
(SPWM) technique. The system incorporates a DC-DC boost
converter managed by a perturb-and-observe MPPT algorithm
to optimize energy extraction from the photovoltaic array. A
Pl controller adjusts the SPWM frequency to regulate the
motor speed according to the calculated reference speed,
ensuring operation at maximum efficiency.
MATLAB/Simulink simulations were performed to test the
system under varying climatic conditions, demonstrating the

Pl regulator's effectiveness in maintaining motor speed and
extracting maximum power. The study emphasizes the
importance of integrating RE sources for sustainable water
pumping solutions. However, the approach experiences torque
oscillations during climatic variations, indicating a need for
more advanced control strategies or improved tuning of the Pl
regulator to ensure smoother operation.

In [18], a single-phase induction motor is proposed to be
powered by a solar system, using a DTC strategy to control
the operation of this machine. Additionally, a matrix-type
power converter is used to change the motor speed and
manage the inverter output voltage. Using this converter
allows for significant improvements in current and torque
quality compared to a conventional inverter. This proposed
strategy has been implemented in the MATLAB environment,
and the results demonstrate the effectiveness of the designed
approach in improving the quality of current and torque
compared to the traditional approach. The drawback of the
proposed approach lies in the use of a matrix converter, which
is characterized by complexity, high costs, and difficulty in
implementation.

In the work by Masood et al. [19], a variable frequency
drive (VFD) was proposed to address frequency fluctuations
in micro-hydro power plants caused by variations in water
flow and consumer load. The system integrates an electronic
governor using a variable-speed AM to consume excess
generated power, enabling its use for irrigation or water
storage. The VFD converts the variable-frequency AC output
of the micro-hydro system into a stable 50 Hz AC signal
through AC-DC-AC conversion. Additionally, the design
includes a DC bus that supports integration with other
renewable energy sources, such as solar or fuel cells,
enhancing system scalability. The study validates the VFD
and electronic governor under various load and water flow
conditions, demonstrating improved frequency stabilization.
However, the proposed system's economic feasibility in large-
scale applications remains unclear, particularly concerning the
costs of integrating additional renewable energy sources and
maintaining the motor as a secondary load.

In [20], a hybrid combination of the SPWM technique and
Pl regulator is proposed to enhance the performance of a
single-phase AM (1-phase AM) powered by solar energy. The
research emphasizes the importance of improving electricity
quality in smart grids, particularly through harmonic analysis.
The authors implemented a matrix converter alongside a
multistage power conversion system, which includes a boost
converter and a PV module, to optimize speed and voltage.
The THD of the input voltage was analyzed, revealing a
significant improvement with the proposed model, achieving
a THD of 3.5 % compared to traditional methods.

Additionally, the perturb and observed MPPT technique
was utilized to maximize energy extraction from the
photovoltaic system. However, a notable con of this approach
is the complexity involved in the hardware implementation
and the potential challenges in real-time adjustments during
varying operational conditions.
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Table 1. Some works addressing the limitations of the conventional DTC strategy

Techniques Type OT Pros Cons
validation
- Reduced torque and flux ripples for
improved stability. - Increased computational complexity
Twelve sectors - Enhanced speed tracking with robust | with the twelve-sector DTC approach.
DTC technique Simulation backstepping control (BC). - Dependence on precise parameter
using and - Reduced total harmonic distortion (THD) in | identification.
backstepping . stator currents. -Hardware realization requires high-
experimental. . . N . :
speed  control - Effective stator resistance estimation using | performance processing.
[9]. P-model reference adaptive control (MRAC). | - Limited analysis of scalability for
- Validated improvements through simulations | larger systems.
and experiments.
- Integration of ACO algorithm to enhance PI | - High computational demand for ACO
controller performance in DTC systems. algorithm.
- Improved flux and torque fluctuation | - Dependence on precise parameter
Ant colony . . - .
optimization reduction compared to DTC technique. tuning for optimal Pl controller
(ACO) Experimental. | - Enhanced system robustness against | performance.

algorithm-DTC
technique [10].

nonlinearity and parameter variations.
-Experimentally validated gains in speed
tracking and system stability.

- Reduction in THD of stator and rotor
currents.

- Limited exploration of scalability for
industrial applications.

- Increased complexity for real-time
implementation  on low-resource
hardware.

Fractional-order

- The FOSMC technique outperforms
traditional P1 and SMC controllers in AM
control, offering superior robustness, reduced

- While FOSMC technique improves
control performance, it introduces
design complexity, requires adaptive

SMC (FOSMC) | Simulation. L tuning, and depends on accurate system
. overshoot, faster response, minimized ! - . ;
technique [11]. - . : .~ | modeling, with challenges like residual

chattering, and adaptive design for dynamic . o
o chattering and performance sensitivity
conditions. o
under extreme conditions.
- The paper does not address potential
- The paper presents a simplified duty ratio | limitations in the modified duty ratio
control technique that minimizes torque and | control  algorithm, such as its
current ripples, enhancing performance in | dependency on accurate torque error
DTC drives. measurement.
- It retains the simplicity of traditional ST- | - The complexity of the control
based DTC algorithms, making it easier to | algorithm may still pose challenges in
Duty ratio Simulation implement. real-time applications, despite efforts to
control and - The proposed method utilizes parallel low- | simplify it.
technique [12]. | experimental. | speed control loops, reducing computational | - The reliance on lookup tables for duty
burden and eliminating the need for delay | ratio modulation could introduce

compensation.

- By modulating the duty ratio based on torque
error, the technique effectively improves the
overall efficiency of AM drives in electric
vehicles.

additional computational overhead in
certain scenarios.

- The proposed method may not fully
eliminate torque and current ripples,
especially  under  varying load
conditions.

Novel reference
flux selection
technique [13].

Simulation.

- Introduces a novel reference flux selection
algorithm to reduce torque fluctuation in
AMs for electric vehicles.

- Demonstrates improved performance over
conventional DTC methods.

- Achieves significant reductions in torque
ripple and current THD.

-Validated through simulations using a 50-hp
AM, ensuring practical applicability.

- Contributes to energy efficiency, reducing
battery energy consumption by 37.3%
compared to classical DTC technique.

- Limited to simulation results, lacking
real-world experimental validation.

- Focuses primarily on torque ripple,
potentially overlooking other
performance metrics.

- May require complex implementation
in practical applications.

- Assumes ideal conditions that may
not reflect all operational scenarios.

- The proposed method's scalability to
larger systems is not addressed.
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Table 1. cont.
Efjezryss&cgnd- - The FSOSMC technique enhances control - The paper does not address potential
(FSOSMC) performance, reduces torque ripples, complexities in implementing
optimized b Simulation improves robustness against disturbances, FSOSMC technique, reliance on GA
Snetic y ' minimizes chattering, and optimizes techniques may introduce
gl orithm (GA) parameters using GA techniques for dual star | computational overhead, and variable
[34] AMs. SF issues remain unresolved.
. . - The paper's limitations include
- The paper analyzes losses in dual-inverter- ) . S
o . lacking experimental validation,
fed open-end winding AM drives, . X
. . . focusing solely on dual inverter
. introducing an improved loss model, R
Multi-level . . : . : systems, model complexity, limited
. Simulation. comparing pulse width modulation (PWM) . . . .
inverter [15]. S environmental impact discussion, and
schemes, and highlighting significant .
. - . : narrow exploration of PWM
efficiency gains with DPWM technique for - o
) . techniques, restricting broader
safer, reliable operation. L o
applicability and practicality.

In the field of control, the DTC strategy is one of the most
prominent linear strategies used to control electrical machines
[21]. This strategy has several advantages that make it a
promising solution for controlling electrical machines,
especially AM. This strategy relies on estimating both torque
and flux [22]. The strategy aims to make torque vary directly
with current, making the machine similar in principle to a
direct current machine [23]. Therefore, this strategy is of great
importance in the field of control, as evidenced by the number
of works that have addressed it. This strategy has several
drawbacks that limit its spread, the most prominent of which
are low robustness and high torque and flux ripples [24].
Furthermore, the high THD of the current is another major
drawback of this strategy.

Several solutions have been proposed to overcome the
problems of the DTC strategy, the most prominent of which is
replacing both ST and HC with other more, efficient
strategies. In [25], a new strategy is proposed for the DTC
technique of an induction motor. This designed strategy relies
on the use of a dual PI controller to control the flux and torque,
where the outputs of these controllers are reference voltage
values. The modified SVM strategy is used to compensate for
the use of ST in controlling the machine's inverter. This
designer is designed for simplicity, fast dynamics, and
excellent performance. The MATLAB Neo environment was
used, along with the Liberals, and the results showed that the
designer achieved an excellent THD value of 28.57 %
compared to the traditional DTC approach.

A fuzzy super-twisting SMC technique is the proposed
solution in [26] to overcome the problems and drawbacks of
the DTC strategy of the induction generator. This designed
controller is characterized by high robustness and excellent
performance, as it uses two controllers to control the flux and
torque. In addition to using this designed controller, the
modified SVM strategy is used to generate the pulses
necessary to operate the machine's inverter. This strategy was
compared to the DTC-based Pl controller approach.
Compared to the DTC-PI strategy, the proposed approach is
more complex and expensive. The MATLAB environment
was used to implement this proposed approach under various
operating conditions, and the results showed that the proposed

approach significantly reduced torque/flux ripples compared
to the DTC-PI strategy. Furthermore, the proposed approach
reduced the THD of the current by approximately 61.54% and
46.55% in all tests compared to the DTC-PI approach. Despite
this remarkable performance, there is a drawback to this
proposed approach. It features a significant number of gains,
making it difficult to fine-tune the dynamic response to torque
and flux. Furthermore, the use of fuzzy logic (FL) makes it
difficult to easily fine-tune the control, given the lack of a
mathematical rule that specifies the number of rules required
to achieve optimal performance. As is well known, the FL
method  relies heavily on experience, requiring
experimentation and iteration to achieve optimal results.

An adaptive network-based fuzzy inference system is
combined with the second-order super-twisting sliding mode
(STSM) algorithm [27] to obtain a robust controller that
overcomes the DTC problem. In this designed approach, a
modified SVM strategy is used along with the proposed
controller to develop the DTC strategy. The proposed DTC
strategy is characterized by high robustness, high efficiency,
ease of implementation, and fast dynamic response. This
proposed DTC strategy uses the same torque and flux
estimation equations as the traditional approach. The proposed
strategy was implemented in MATLAB using several
different tests, comparing its performance and effectiveness
with the DTC-PI approach. The results showed that the
designed approach reduced the THD of current by 61.54 %
and 57.33 % percent compared to the DTC-PI approach.
Furthermore, the designed approach yielded better results
compared to DTC-PI in terms of reference tracking and
reduced torque/flux ripples. This approach has drawbacks, the
most notable of which are its complexity and the presence of
a significant number of gains. This designed approach is
affected by changes in machine parameters in robustness
testing, manifested in increased torque/flux ripples and higher
THD of current, necessitating the search for a more effective
and high-performance strategy.

In [28], an FL method-based DTC technique is proposed
for synchronous motor control. The FL method is used to
compensate for the controller's Pl of speed, and 25 FL rules
are used to embody the FL controller. In this designed

4
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strategy, ST is used to control an inverter. This designed
strategy is compared with a conventional approach,
implemented using MATLAB/SIMULINK. The effectiveness
of the designed approach is verified under different speeds and
load disturbances. The obtained results demonstrate the
effectiveness of the proposed control in reducing torque and
current ripples at different speeds while improving the
dynamic response to speed and flux.

In [29], a new DTC strategy is proposed for controlling an
induction machine. This strategy is a neural network (NN)-
based discrete predictive direct torque and flux control
(NNPDTFC). This strategy uses the SVM technique to drive
the machine inverter, which makes it different from the
conventional approach that uses both ST and HC. The
performance and effectiveness of the proposed approach are
compared with a DTC strategy based on Pl controllers. In this
work, the gain values of the proposed approach were
calculated using the particle swarm optimization algorithm.
Minimized disturbances, simple control, and real-time
implementation are key features of the designed approach,
which also enhances the transient performance of the motor
drive by reducing settling time and peak overshoot. The
performance of the designed approach was analyzed using
MATLAB. The obtained results show that the proposed
approach significantly improves the flux and torque ripples
compared to the conventional PI controller-based approach.
Furthermore, this designed approach was experimentally
implemented using a low-cost digital signal processor (DSP)
controller, where a 3.7 kW induction motor was used.
Experimentally, the designed approach vyielded highly
satisfactory results under uncertain system parameters and
external load disturbances. Furthermore, it yielded enhanced
dynamic performance as well as static performance with
reduced ripples in signal flux, torque, and current compared to
the conventional PI controller-based approach.

Another strategy proposed in [30] for controlling an
induction motor is the DTC based on a decision tree (T-DTC),
which uses actively trained artificial NNs (ANNS) to enhance
accuracy and robustness. The goal of the T-DTC strategy
proposal is to significantly reduce flux and torque ripples,
ensuring efficient control of induction motors. Conventional
stator flux and electromagnetic torque hysteresis controllers
have been replaced with two advanced controllers known as
M5 Prime model trees. Additionally, the conventional
switching table has been replaced with a new decision tree
using the classification algorithm 4.5. The effectiveness of the
proposed T-DTC strategy was demonstrated using
MATLAB/Simulink, comparing the performance with the
conventional approach. Several different tests were used. The
validity and efficiency of this approach were also validated in
real-time using the HIL platform based on the OPAL-RT OP
5600 and the Virtex 6 FPGA MLG605. The results show that
the proposed approach offers a significant improvement over
existing techniques in the literature, making it a promising
solution. One of the most prominent solutions proposed to
overcome the problems of the DTC strategy is the use of NNs
as a suitable solution due to their accuracy and ease of use
[31]. In [32], an NN technique was used to improve the
properties of the DTC strategy of a permanent magnet

synchronous motor (PMSM). This strategy is different from
the traditional strategy, as its use allows for reducing torque
ripples. Moreover, the use of this strategy allows for a lower
value of the THD of the current compared to the traditional
approach.

Another work in [33] addressed the application of the
ANN strategy to overcome the problems of the DTC technique
of induction motor. In this work, ANN techniques were used
to compensate for both HC and ST of the DTC technique. The
designed strategy is characterized by fast dynamic response,
high robustness, and ease of implementation. The results
obtained showed the high performance of the designed
approach compared to the conventional approach in terms of
torque/current ripples and THD value of current. In [34], the
adaptive NN approach was proposed to overcome the DTC
strategy problems of linear induction motor drives. This
strategy was implemented in the MATLAB environment
using various tests. The results demonstrated the effectiveness
and efficiency of the adaptive NN approach in improving the
operational performance of DTC. In [35], the neural DTC
technique of the induction motor was experimentally
implemented using an FPGA. After giving the mathematical
model of the induction motor and the equations expressing the
DTC approach, the designed approach was experimentally
implemented using an FPGA. The results of the tests
conducted prove the effectiveness of the designed approach in
improving the performance and efficiency of the machine
when using the neural DTC approach compared to the
traditional technique.

In [36], deep reinforcement learning is used to improve
the DTC strategy properties of PMSM with parameter
robustness. The use of deep reinforcement learning improves
the operational performance of the DTC approach and
increases its robustness. The MATLAB environment is used
to verify the effectiveness of the designed approach. Various
tests are performed, and the results are compared with the
traditional strategy. Simulation results show that the use of
DTC reduces flux/torque ripples and significantly reduces the
THD of current compared to the traditional DTC technique.
FL technique was combined with NN techniques in [37] to
create a robust controller that overcomes the drawbacks of the
DTC strategy. The author used a three-level inverter to power
the machine. Furthermore, to improve the performance of the
DTC strategy, 24 sectors were used instead of the usual six. In
this designed strategy, an NN-FL controller was used to
control both flux and torque. ST was also used to generate the
pulses required to drive a three-level inverter. MATLAB was
used to implement the designed approach and compare its
performance with the conventional approach under various
operating conditions. Simulation results demonstrated the
superior performance of the designed approach, reducing the
THD of current by 77.50%, 48.34%, 75%, and 81.43%
compared to the conventional approach. Furthermore, torque
ripples were reduced by 30%, 39.24%, 31.94%, and 59.31%
compared to the conventional approach. Despite this
performance, the designer's approach has drawbacks, the most
significant of which lies in its use of ST and torque/flux
estimation, which significantly impacts machine parameter
changes.
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This experimental work proposes to study the
effectiveness of using an NN controller to overcome the
drawbacks of the 12-sector DTC (12-DTC) algorithm applied
to AM while comparing the results with the 6-sector DTC (6-
DTC) technique. Therefore, the main contribution of the paper
lies in the application of NN techniques to overcome the
problems of the 12-sector DTC algorithm. This strategy is a
modification and development of the 6-DTC technique. In this
designed algorithm, NNs are used to compensate for both HC
and ST. The 12 sectors neural DTC strategy is a different
strategy, as it differs from related businesses such as [29] and
[30] in terms of principle, simplicity, and ease of
implementation. First, this algorithm is tested using
MATLAB, and the results are compared with the traditional
approach. Various tests were used to prove the effectiveness
and efficiency of applying NNs. All tests demonstrated the
strength of the algorithm in reducing torque ripples and
reducing the THD of the current. Secondly, the simulated
results were confirmed using real tools, where the dSPACE
1104 was used to control the operation of the 3.5 kW AM
drive. Therefore, implementing the proposed algorithm using
real equipment is considered the second main contribution of
this paper. The obtained experimental results confirm the
simulation results, making the proposed approach applicable
in various industrial fields such as electric vehicles and
electric power generation. Experimentally, the proposed 12-
sector neural DTC (12-NDTC) algorithm, compared to the
traditional approach, has high competence and great efficacy,
as the torque and flux ripples are reduced. Also, this proposed
algorithm improved the speed response time value and the
THD value of the current compared to the 6-DTC technique.
In addition to these experimental results obtained, the
designed algorithm is simple, easy to realize, and inexpensive.
Accordingly, the objectives achieved from this paper can be
extracted in the form of the following points:

» Experimentally verify the effectiveness of applying NNs
in overcoming DTC technique defects.

» Significantly improve dynamic speed response.

» Significantly underestimates the THD of the current
compared to the 6-DTC technique.

» Reduce stator flux fluctuations.

» Reducing the value of exceeding the speed limit
compared to the traditional approach.

» Reduce torque and current fluctuations.

» Increasing the robustness and efficacy of the AM control
system compared to using the 6-DTC technique.

The sections of the article are as follows: The second
section deals with the AM model. In the third section, the 12
sectors DTC approach algorithm is discussed in detail,
mentioning the pros and cons. 12 sectors neural DTC
algorithm are listed in Section 1V. In Section V, a simulation
of the designed algorithm using MATLAB is discussed. In the
sixth section, the suggested algorithm was realized using
experimental work (dSPACE 1104), where real tools were
used to implement it. In Section VII, all conclusions of the
work are listed.

2. AM Model

In this section, the mathematical model (MM) of AM used
in this work is discussed. To give the model, the Concordia
transform is used. This conversion is based on simplifying the
machine model, where mathematical equations are given for
each part of the machine. This model has been detailed in
several scientific works [38, 39]. Equation (1) represents the
AM voltages in the axis (af).

d
Vas = Rglgs + a(Das
d
Vﬁs = Rslﬁs + ECDBS 1
) 1)
VBT- = R.,-Iﬁ.,- -+ E(Dﬁr - WCDa.,-
d
Var = Relor + Eq)ar + wdg,

The rotor currents in the axis (af}) can be written by
Equation (2). This equation was obtained based on Equation

).

_ @ps — Lslys
Iy = .
ST
2
P Dps — Lglgs @)
re M

From Equation (1), the expression for the flux in the aff
axis can be extracted according to Equation (3) [40].

L,
Oy = Mo (Pgs — Lslys)
ST (3)
L,
g, = (®ps — aLslgs)

MST

Derivation of Equation (3) allows writing Equation (4).
This equation is used to create an AM model in MATLAB.

d®gy _ Ly d®gs _ dlas)
dt _Msr(dt ERPT: 4
A0 _ Ly dOp  dig, “)
dt Mg dt Usdt)

The torque of the AM is calculated according to the
Equation (5). To change the torque, it is enough to change the
current or flux.

pM
= (q)arlﬁs - (Dﬁrlas) (5)

T:
e Lr

Equation (6) shows the relationship between speed and
torque. Through this relationship, the operation of the AM and
the rotational speed can be controlled.

dQ,

J dt =Te— T, — O (6)

In the next section, a 12-sector DTC approach is proposed
for AM control instead of using the traditional algorithm. In
this section, the operating principle will be given, mentioning
the cons and pros.
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3. 12 Sectors DTC Algorithm

The 12-DTC algorithm is considered one of the most
prominent solutions designed to defeat the problems of the
conventional DTC algorithm [41]. Its use allows for a
significant increase in competence and robustness. This
approach is a modification and development of the
conventional DTC algorithm. In the 12-DTC algorithm, a
four-level HC is used to control torque, and a 2-level HC is
used to control flux. Also, in the 12-DTC algorithm an ST is
used to control the inverter of the AM [42]. Therefore, the 12-
DTC algorithm is described by its simplicity, ease of
implementation, satisfactory performance, low costs, and fast
dynamic response [43].

The 12-DTC algorithm is listed in Figure 1, which has the
same structure as the traditional algorithm. In this algorithm,
estimation of both torque and flux is used, which is a necessary
process to calculate the torque and flux error. Also, the PI
controller is used to calculate the torque reference value. The
input to this regulator is the speed error and its output is the
torque reference value. This controller was relied upon for its
simplicity, ease of operation, fast dynamic response, and ease
of adjustment.

In the 12-DTC algorithm, both voltage and current are
measured to estimate torque and flux. In this algorithm, no
sensors are used to capture speed, which makes it easy to
maintain, inexpensive, and highly accurate.

e

Torque, Flux and afp

T |
2. Zone esti

PI controller
———
";,% abe
LW

Fig. 1. 12-DTC algorithm of AM.

Table 2. The ST of 12-DTC algorithm

Ni

HC HC

flux torque

2 |3|4|4|5|5|6|6]|1(1| 2| 2|3

1 |4(4|5|5|6|6|1|1|2] 2 | 3 | 3

° -1 7{5(0|6(7|1|]0|2|7]| 3 0 4
-2 5|6(6|1(1|2]|2|3|3]| 4 4 5

2 2(3|3|4|4|5|5|6|6]| 1 1 2

. 1 212|13|3|4|4|5|5|6]| 6 1 1

To produce the pulses necessary to run the inverter, Table
2 is used, which contains 12 sectors [42]. This table is larger
than the ST of the traditional algorithm, which gives it greater
efficiency. Changes in flux, sector, and torque make it possible
to select voltage vectors to follow torque and flux reference
values. ST is the basic element in the DTC algorithm, and the
selection of efforts plays an important role in the efficiency
and performance of this algorithm.

Figure 2 represents the HC used to control torque. This
regulator has the following outputs: 2, -2, 1, and -1 [43].
Outputs with negative values are used to be able to reverse the
rotation direction of the AM. Figure 3 represents the HC
proposed in this algorithm for flux control. Therefore, this HC
has two states: 0 and 1 [41]. The strategy depends on
measuring voltage and current, and to calculate these values
in axis (af), Equation (7) is used for this purpose.

Vsa

2|1 —-1/2
Vas]z [ / o

~1/2
Ves] ~ 30 V3/2 ]

—V/3/2

The DTC algorithm is characterized by three errors: flux
error, torque error, and speed error (gqs, €7e, and €g). IN
addition to the angle 6; that determines the location of the
vector & based on the components @y, and @5. Equation (8)
shows the errors used in the DTC algorithm [44].
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Fig. 2. Torque HC regulator.
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Fig. 3. Flux HC regulator.
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Equation (9) can be used to calculate the AM flux of
voltage.

ddg )

Vs = d + Rl
g ©)

o

b= tR

With: V; = Vg + Vs bs = s + Jisa ir = brq +
jiTOI’ q)S = (DS(Z +j(DS(Z’ CDT = q)ra +jq)ra
From Equation (9), the flux expression can be extracted
according to Equation (10).

do,
dt
Equation (10) becomes as follows [45]:

= —R,is +V; (10)
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0

t
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0

Where, @, is the flux value int =0s.

The flux can be calculated from the inverter operating
pulses according to Equation (13). This flux is related to the
DC voltage value [46].

2(S; + aS, + a®S3) ¢
(ps(t) = : . : ac T Pso — j

Ry igdt (13)
3 0

Equation (14) shows the expression stator flux modulus
used in this work. The angle of the flux is neglected to
determine the sectors, and to calculate it, Equation (15) is
used. Equation (16) expresses the stator current of the AM.

12| = /(‘Dszp +0%) (14)

@
ag = arctg(p—sﬁ (15)
sa
s = jigtig (16)

The current expressions in the aff axis are included in
Equation (17) [46].

( ,2
g = |5isa
3 (17)

) 1 .
lsp = ﬁ (—isc + isp)

To estimate the torque, the flux must be estimated first,
and Equation (18) is used for this purpose. Estimating torque
is related to measuring current, as the more accurate the
current value is, the better the results.

T, = 1.5 X p(—Pgp. [5q + Pgq. Isp) (18)

Despite the many advantages of this algorithm, such as
rapid dynamic response, it gives unsatisfactory results in the
event of a malfunction in the system, such as a change in
machine parameters. Using this algorithm does not
significantly reduce torque and current ripples. Also, this
approach provides a higher THD value for the current which
is not desirable. In the next section, a simple and effective
solution is designed to overcome the problems and
disadvantages of the 12 sectors DTC of the AM, mentioning
the disadvantages and advantages of the proposed solution.

4. 12 Sector NN-DTC Algorithm

The 12-sector NN-DTC algorithm is the solution designed
in this work to defeat the problems of the 12-sector DTC
algorithm of AM. This algorithm relies on the use of NNs to
enhance performance and robustness. NNs were adopted as a
suitable solution due to the results obtained in the works [47-
49].

This algorithm was relied upon for its ease of use, high
robustness, and no need for an MM of the machine, which
gives it greater efficiency if the AM parameters change, and a
fast dynamic response. Therefore, the algorithm proposed in
this section is a modification of the traditional algorithm,
where ST and HC were dispensed with and replaced with a
NN regulator, as shown in Figure 4. A neural regulator is used
with three inputs: torque lines, sectors, and flux lines. Also,
this regulator has three outputs which are pulses to operate the
machine's inverter (Sa, Sh, and Sc).

The 12-NDTC algorithm is based on estimating torque,
flux, and sectors. To estimate these values, both voltage and
current are measured. Therefore, it is necessary to use
measuring devices with high accuracy to minimize the error
between the reference value and the measured value. In this
approach, the estimation equations are the same as those
mentioned in Section 3 of this paper. In this work, the training
data source for the proposed NN-based DTC algorithm was
taken from the traditional 12 sectors DTC approach, where the
algorithm was trained and tested using data from the
traditional 12 sectors DTC approach.

e

PI controller

»
abe |¢Vase

Fig. 4. 12 sectors NN-DTC algorithm of AM.
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The 12-NDTC algorithm is based on the use of a PI-type
regulator to control and change the speed, and it is the same
controller used in the traditional 12-DTC algorithm listed in
the third section. The gain values of this regulator were
calculated wusing the method of simulation and
experimentation, where values were taken that gave
satisfactory results in terms of the value of THD of current and
torque ripples.

Figure 5 represents the neural regulator used to control the
operation of the AM inverter. The Levenberg—Marquardt
(LM) algorithm was relied upon to obtain this neural regulator.
The LM algorithm is known as the damped least squares
approach, as it is used to solve nonlinear least squares
problems. Using this algorithm allows for high performance
and great efficiency. A neural algorithm of the type Gradient
Descent with Momentum & Adaptive Learning Rate
Backpropagation was used to embody the neural controller.
This type is characterized by distinctive and effective
performance. Also, it can be applied without having to know
the MM of the AM. Table 3 represents the characteristics of
the neural regulator used to improve the efficacy and
competence of the 12-DTC algorithm of AM.

Figure 6 represents training for the neural controller. It is
noted from Figure 6 that at 1000 epoch we obtain the best
value for training performance, which is estimated at
0.027372. Figure 7 represents the internal structure of a neural
regulator used to overcome the disadvantages of the 12-DTC
strategy.

Fig. 5. Neural controller.

Table 3. Characteristics of the NN technique used.

Parameters Value
Number of hidden layers 2
Number of neurons in first hidden layer 25
Learning rate 0.05
Display step (error display interval) 60 iterations
Number of input layers 1
Number of iterations (epochs) 1000
Number of output layers 1
Number of neurons in the input layer 3
Momentum coefficient (mc) 0.8
Number of neurons in the output layer 12
Error (goal) 0.005

Activation functions Linear (output)

Best Training Performance is 0.027372 at epoch 1000

10°

Mean Squared Error (mse)
N
(=}

o 100 200 300 400 500 600 700 800 200 1000
1000 Epochs

Fig. 6. Training.
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Fig. 7. Internal structure of a neural controller: (a) NN, (b)
layer 1, (c) layer 2.

In Table 4, a comparison is made between the proposed
12-NDTC algorithm and the traditional DTC algorithm. The
similarities and differences between the two algorithms are
mentioned in this table. This table gives a clear picture of the
proposed algorithm in terms of structure and its effectiveness,
as the results of the fourth section were used to fill out this
table.

The use of the 12-NDTC algorithm allows for a reduction
in torque fluctuations and the THD of current compared to the
6-DTC, as confirmed in the next section. In the next section, a
simulation of the designed algorithm is performed using
several different tests.
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Table 4. Similarities and differences between two algorithms.

Traditional 12 Designed 12
Features DTC sectors sectors NN-
algorithm DTC pTC
g technique | algorithm
ST Yes Yes No
THD High Medium Low
PI regulator Yes Yes Yes
of speed
.F IUX. Yes Yes Yes
estimation
T_orqu_e Yes Yes Yes
estimation
I(?jespon;e Fast Fast Very fast
ynamic
NN No No Yes
controller
Robustness Low Medium High
Number of 6 12 12
sectors
Concordia Yes Yes Yes
transform
Flux/torque High Medium Low
ripples
Affected if
machine Great Great o
. . Little impact.
parameters impact impact
change

Although the replacement of hysteresis comparators and
switching tables with NN method or intelligent networks has
been explored previously, the present work introduces a
distinct conceptual and technical framework within the 12-
sector DTC paradigm. Specifically, the proposed method
employs a unified neural decision structure that jointly
determines the optimal voltage vector by considering both
torque and flux sector information, rather than treating them
as independent processes. Furthermore, NNs are considered a
strategy that does not require knowledge of the mathematical
model of the system under study, which ensures robustness in
the face of parameter changes and load disturbances. This is
fundamentally different from current 12-sector DTC
approaches, including the method mentioned in [9], which rely
on fixed control parameters and do not take advantage of
online adaptation or integrated optimization for torque and
flux control. Using this strategy requires a thorough
understanding of the mathematical modeling of the system
under consideration, making the proposed approach
susceptible to changes in machine parameters. Furthermore,
the proposed framework was validated through immediate
implementation, demonstrating improved torque ripple
suppression and dynamic response while reducing
computational costs. These features together represent the
most significant innovations in the proposed approach,
surpassing previous improvements in the 12-sector DTC.

In Table 5, the approach designed in this paper is
compared with the approach listed in Reference [9]. From this
table, it is observed that the work done in this paper is
completely different from the strategy designed in the work
done in Reference [9] in terms of principle, type of controller

used, performance, effectiveness, simplicity, etc.

Table 5. Comparison of the designed approach with the work
done in reference [9].

Features Proppsed work Sugge_sted
in[9] technigue
Reformulation of
DTC decision
Enhancement process as  an
Conceptual thin existi intelligent
novelty within existing optimization
DTC structure .
problem using
adaptive  neural
inference
Adaptive  neural
. network with self-
. Fixed control S .
Learning ) adjusting weights
. parameters; no
/Adaptation . . that responds to
adaptive learning .
changes in
parameters/load
12-sector DTC | L2:Sector DTC
. using unified
with .
Backstepping neural  decision
Core control structure
strate speed controller replacin
9y and P-MRAS placing
hysteresis

stator resistance
identification

comparators and
tables

Torque and flux
estimations

Yes

Yes

Integration of
torque & flux

Treated
independently in
the switching

Joint optimization
of torque and flux
within a single

implementation

control - neural  decision
decision process
framework
Robustness High High
Significant
Moderate reduction due to
Torque ripple | improvement adaptive  neural
reduction compared to | control and finer
classical DTC voltage vector
selection
Simulation  and | Fully validated in
Real-time limited real-time

experimental

embedded system

validation implementation
Faster transient
Dynamic Improved_ using | response through
Backstepping continuous, data-
response . o
control driven  decision
mapping
Complexity High Moderate

10
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Table 5 therefore, illustrates the difference between the
designer’s work in this paper and the work completed in
reference [9], summarizing the most important technical and
conceptual differences. As demonstrated, the proposed
controller offers a unified neural architecture capable of
making real-time adaptive decisions, whereas current studies
(such as [9]) rely on fixed control laws or offline-trained
models. This integration of learning capabilities within a
twelve-segment DTC framework is the key novel feature of
this work.

5. Results

This section implements the algorithm proposed in this
work using MATLAB. The results obtained are compared
with the traditional 6-sector approach using a 3.5 kW AM. A
comparison is made between the two strategies in terms of
tracking references, reducing torque and flux fluctuations, and
the value of the THD of the current. The AM parameters used
in the simulation are as follows: f= 0.00325 Nm/rad/s, J=
0.043 kg-m?, Ln= 0.267 H, Ls= 0.336 H, L= 0.2036 H, R=
1.88 Q R=4.28 Q @»=0.83 Wb p= 2 nr = 1480 m, P,=3.5
kW, Te,= 20 N'm, 1,= 11.1/6.5 A, V= 230/400 V, and f;= 50
Hz.

5.1. Test 1: No-load Start-up and Steady-state Operation

In the first test, the motor is operated at a constant speed
of 1000 rpm without applying any load. The results of this test
are represented in Figure 8. Figure 8a illustrates the torque for
the two algorithms. This torque reaches a value of 20 N.m in
the case of startup and then gradually decreases until it reaches
a value of 0 N.m when the speed is equal to the value of 1000
rpm. It is also noted that the 6-DTC algorithm significantly
reduced torque ripples compared to the 6-DTC algorithm.

Figure 8b represents the speed of the two algorithms. This
speed initially changes gradually until it reaches the reference
value estimated at 1000, after which it remains constant. It is
noted that the designed algorithm provided a faster response
time than the DTC technique, which indicates the
effectiveness and efficiency of this algorithm.

Figure 8c represents the current for the algorithms used in
this work. This current has a sinusoidal shape for the two
algorithms with ripples. The proposed algorithm gave the high
quality of the current compared to the DTC algorithm, which
shows its high performance and the extent of its ability to
enhance the quality of the current.

Figure 8d represents the trajectory of the stator flux
components ®@isd and ®isq for the two algorithms. This is a
circular trajectory for both controls with ripples. The proposed
algorithm gave a better trajectory than the DTC technique in
terms of ripples.

Figure 8e represents the position of the flux vector ®@s for
the two controls. It is noted that the two algorithms have the
same value as the position of the flux vector ®s. This position
takes the shape of saw teeth. Figure 8f represents the THD
value if the two algorithms are used.
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